The P300 event-related potential (ERP) varies across individuals, and exploring this variability deepens our knowledge of the event, and scope for its potential applications. Previous studies exploring the P300 have relied on either electroencephalography (EEG) or functional magnetic resonance imaging (fMRI). We applied simultaneous event-related EEG-fMRI to investigate how the network structure is updated from rest to the P300 task so as to guarantee information processing in the oddball task. We first identified 14 widely distributed regions of interest (ROIs) that were task-associated, including the inferior frontal gyrus and the middle frontal gyrus, etc. The task-activated network was found to closely relate to the concurrent P300 amplitude, and moreover, the individuals with optimized resting-state brain architectures experienced the pruning of network architecture, i.e. decreasing connectivity, when the brain switched from rest to P300 task. Our present simultaneous EEG-fMRI study explored the brain reconfigurations governing the variability in P300 across individuals, which provided the possibility to uncover new biomarkers to predict the potential for personalized control of brain-computer interfaces.
Introduction
When recorded using electroencephalography (EEG), the P300 is an event-related potential characterized by a large positive response which peaks approximately 300 ms after target stimulus onset, and is prominent over the parietal region (Squires et al., 1975) . The P300 is closely associated with aspects of human cognition, such as consciousness and working memory (Delle-Vigne et al., 2015; Rutiku et al., 2015; van Dinteren et al., 2014) . P3b, a component of the P300, has been found to be a sensitive biomarker by which to measure age-independent memory loss in the elderly when evoked in a three-stimulus oddball paradigm (Porcaro et al., 2019) . Accordingly, the P300 can serve as a potential biomarker to evaluate the brain's potential for efficient information processing (Linden, 2005) . Meanwhile, similar to other EEG signals, the P300 has also been used successfully for brain-computer interface (BCI) control (Li et al., 2013 (Li et al., , 2016b Yin et al., 2013) , as well as clinical diagnosis (Chun et al., 2013; Howe et al., 2014) .
The P300 exhibits a large variability between individuals (Guger et al., 2009; Reinhart et al., 2011) . For example, when involved in a driving task, evoked P300 amplitudes have been found to be larger in poor navigators than good ones (Ou et al., 2012) , and previous P300 studies related to BCIs have also shown large variability between BCI users (Guger et al., 2009; Piccione et al., 2006) . Exploring inter-subject variability of the P300 not only helps to account for the largely varied BCI performance, but also uncovers new biomarkers which can be used to predict the potential for personalized control of BCIs. To gain knowledge of P300 variability across individuals, relationships between background EEG and the P300 have been investigated Polich, 1994, 1995) , and the variability in multiple measures, such as spectral power and mean frequency, have been found to contribute to the variability of the P300 (Polich, 1997) .
So far, multiple regions, such as the middle frontal gyrus (MFG) and the inferior parietal lobe (IPL) have been found to be involved in the generation of the P300 (Bledowski et al., 2004; Mantini et al., 2009; Volpe et al., 2007) . Lesions in certain parts of the brain, such as the temporal-parietal junction, can lead to the cognitive deficit, along with decreased P300 amplitude and prolonged latency (Verleger et al., 1994) . Moreover, cerebral networks associated with the P300 have also been widely explored (Diez et al., 2017; Horn et al., 2003; Li et al., 2016a Li et al., , 2018a using multiple approaches, such as coherence analysis (Chen et al., 2014; Peng et al., 2012; Zhang et al., 2014) . For example, in our previous resting-state EEG study, we found a close relationship between P300 amplitude and resting-state network properties, as well as long-range frontal-occipital connectivity (Li et al., 2015) .
The brain is one of the most complex organs, and works within a large-scale network (Biswal et al., 1995; Bressler and Menon, 2010; Cole et al., 2013; Heine et al., 2012; Yeo et al., 2011 ) that consists of multiple spatially distributed but functionally linked regions. The spontaneous activity at rest reflects the degree to which the brain can efficiently process task-related information (Zhang et al., , 2016 . More efficient resource configuration at rest (e.g. higher efficiency at rest) corresponds to better task performance (Zhang et al., 2015b ) (e.g. larger P300 amplitudes in the context of this study). Natural updates of brain architecture from resting to task execution are vital to fulfilling task demands (Bassett et al., 2011; Cole et al., 2014; Li et al., 2019; Zhang et al., 2019) . For example, higher intelligence has been found to be related to smaller reconfigured updates in network architecture (Schultz and Cole, 2016) , which might also help to unveil mechanisms of the P300 and deepen our knowledge of P300 variability across individuals.
EEG alone cannot resolve subtle regional task-related information, while functional magnetic resonance imaging (fMRI) fails to capture ongoing P300 responses. Integration of EEG and fMRI seems to be attractive and enables the compensative temporal and spatial information, especially the simultaneous EEG-fMRI (Rosenkranz and Lemieux, 2010) . When investigating the P300, simultaneous EEG-fMRI, therefore, can not only guarantee identical environments, conditions of stimulation, subject states, and levels of arousal, but can also be used to achieve a precise temporal and spatial exploration of the P300 variability across individuals (Eichele et al., 2008; Mantini et al., 2009 Mantini et al., , 2010 . Moreover, for investigation of the P300, task network analysis can be used to prove if the task network is correlated with P300 amplitude (Li et al., 2018c; Peng et al., 2012) , while exploring the functionally reconfigured network can provide further information to index how the brain is reconfigured, i.e. decreased or increased patterns compared to the resting-state network.
In this study, we applied simultaneous EEG-fMRI to explore how the brain network switches from resting state to P300 during tasks to accommodate for efficient information processing, to find reliable neural substrates for the inter-subject variability of the P300 and to validate if brain reconfiguration is helpful to predict individual performance. To achieve this, we first collected simultaneous event-related EEG-fMRI datasets during both rest and oddball task. The relationships between the concurrent P300 amplitudes and functional networks of both states were then statistically investigated, as well as any potential difference between groups with stronger and weaker P300s.
Materials and methods

Subjects
Twenty-two healthy right-handed postgraduates (age 25.65 AE 1.64 years, three females) with normal or corrected-to-normal visual acuity were recruited. They were paid a nominal amount for their time to take part in our experiment. Before participating in our experiment, they were first informed about the details of the experimental protocols and asked to read and sign the written informed consent. No participants had used any prescribed medication over an extended period of time, and there was no personal or family history of psychiatric or neurological disease. The present study was approved by the Ethics Committee of the University of Electronic Science and Technology of China. The work described has been carried out in accordance with The Code of Ethics of the World Medical Association (Declaration of Helsinki) for experiments involving humans.
Experimental protocol
The P300 task consisted of two types of stimuli (target and standard) which were presented in a random order (Eichele et al., 2005) . Three runs were performed, each consisting of 35 targets and 175 standards. During the task, all participants were required to fixate on the center of a monitor. The appearance of a bold cross informed them of the beginning of the experiment, and also indicated that participants should concentrate on the task. Two hundred and 50 ms later, a thin cross appeared for a duration of 500 ms, alerting participants of the onset of the stimulus. The target or standard stimulus then appeared ( Fig. 1 ). At this point, participants had been instructed to press the "4 00 key as quickly and correctly as possible, only when they noticed the presence of a target stimulus.
Simultaneous EEG-fMRI recording
Recording of fMRI data
Images were acquired on a 3.0 T MRI scanner (GE DISCOVERY MR750, USA) using an eight channel-phased array head coil. fMRI data were collected using single-shot, gradient recalled echo-planar imaging (EPI) sequences [repetition time (TR) ¼ 2000 ms, echo time (TE) ¼ 30 ms, flip angle (FA) ¼ 90 , matrix size ¼ 64 Â 64, field of view (FOV) ¼ 24 Â 24 cm 2 , slice thickness/gap ¼ 4 mm/0.4 mm, and 35 slices oriented in an AC-PC line]. During the fMRI scans, cushions and earplugs were used to reduce head movement and dampen scanner noise. All participants underwent an 8.5 min resting-state fMRI scan and three runs fMRI scans of task performance, each lasting 7 min. During the restingstate fMRI scan, all participants were instructed to hold still, close their eyes, and relax their minds. For the fMRI task activation study, visual stimuli were presented using E-prime 2.0 software (Psychology Software Tools, Inc., USA) projected onto a screen, and participants viewed the screen via a mirror attached to the head coil.
EEG recording
The resting and task EEG datasets were recorded simultaneously with the fMRI (Neuroscan, Charlotte, NC) with 64 Ag/AgCl electrodes positioned according to the 10-20 international electrode placement system, and digitized with a sampling rate of 2000 Hz. The electrodes FCz and AFz were used as the reference and ground, respectively. Two extra electrodes, one placed below the left eye and another attached approximately 4 cm below the clavicle, were used to monitor the electrooculogram (EOG) and electrocardiogram (ECG), respectively. To guarantee reliable data quality, throughout the experiment, the impedance for all electrodes was kept below 5 kΩ.
Data analysis
Processing of fMRI data
To ensure magnetization equilibrium, the first ten volumes were discarded from all runs of all participants. In this study, the resting and task fMRI images were preprocessed in an identical fashion using DPABI software (Yan et al., 2016) . All functional images were first temporally corrected for differences in slice acquisition time, and then spatially realigned to correct for head movement artifacts. Participants with the head motion of less than AE1.5 mm in the x, y, or z-direction and less than AE1.5 of rotation in each axis were included. Two participants were excluded due to large head movement artifacts or lack of task activations. Afterwards, the images were spatially normalized into the standard Montreal Neurological Institute (MNI) EPI space, resampled to 3 Â 3 Â 3 mm 3 voxel resolution, and then spatially smoothed (6 mm full-width at half-maximum Gaussian kernel).
Generalized Linear Models (GLM) were applied to quantify and localize task-activated regions on preprocessed task fMRI images. For each participant, task fMRI images were fed into a first-level linear model in SPM8. The TR onsets of target stimuli and the six head motion parameters constituting the design matrix were modeled as regressors, which were subsequently convoluted by a canonical hemodynamic response function (HRF). Afterwards, the data were processed using a high-pass temporal filter (128 s cut-off) and no global scaling. t-statistics were performed to calculate the individual task-related t-contrast images (P300 > 0, p < 0.001). A one-sample t-test was performed to examine the group-level effects for P300 tasks based on the individual t-contrast map. The statistical map was corrected for multiple comparisons at the voxel level (p < 0.05, family-wise error [FWE] ). Local peaks were assessed to define regions of interest (ROIs) for further analyses.
According to the local peaks in the P300 task which showed >0 tcontrast in the group analysis, a total of 14 ROIs were defined for the P300 task. The Talairach coordinates and their nomenclatures and tvalues for the 14 ROIs are listed in Table 1 . All ROIs were defined as a sphere with a 6 mm radius around these Talairach coordinates. The averaged blood oxygen level-dependent (BOLD) time series for each ROI was obtained and used to construct the corresponding functional networks. For resting-state fMRI images, identical processes were adopted to extract the averaged time series for the 14 identical ROIs. Given the unacceptably large artifacts in the concurrent EEG and unclear task activations in the third run due to the task fatigue, in this study, only the first two runs were included in any further analysis. The extracted time series data were filtered using temporal band-pass filtering (0.01-0.08 Hz) to reduce the effects of low-frequency drift and highfrequency physiological noise. To further remove spurious sources of variance, the filtered time series data were regressed out from the six head motion parameters, white matter signals, cerebrospinal fluid, and whole brain signals. Due to the abnormal time courses of the 14 ROIs, one subject was excluded accordingly.
EEG processing for task data
Following the application of EEG preprocessing procedures described in previous studies (Mantini et al., 2007; Ostwald et al., 2010) , task EEG datasets were first preprocessed by using Curry 7 (Neuroscan, Charlotte, NC). Briefly, gradient artifacts were first removed using averaged artifact subtraction (AAS) (Allen et al., 2000) . Then, the data were bandpass filtered (1-30 Hz) to remove the high-frequency MRI artifact, and ballistocardiogram (BCG) artifacts were removed using the optimal basis set (OBS) based BCG correction (Niazy et al., 2005) . Principal component analysis (PCA) was used to describe and remove the artifact residuals in Curry 7 (Marino et al., 2018; Negishi et al., 2004) . Thereafter, the EEG datasets were imported into the Matlab (v2014a, The MathWorks Inc., Natick, MA) where they were further re-referenced to a neutral reference of Reference Electrode Standardization Technique (REST) (Dong et al., 2017; Yao, 2001 ) and band-pass filtered (1-6 Hz) (Li et al., 2015; Portin et al., 2000) . Here, theta and delta phase dynamics play a crucial role in the morphology of event-related potentials (ERPs) (Harper et al., 2014) . Considering that brain activity in the delta and theta bands contributes to the P300 (Basar-Eroglu and Demiralp et al., 2001; Li et al., 2018b) and that the high-frequency residual MRI artifact (Maziero et al., 2016) after PCA preprocessing might still contaminate the EEG, this relatively low frequency range of [1 Hz, 6 Hz] was therefore used for the reliable estimation of the P300 amplitude. Meanwhile, to acquire the trial-averaging ERP for the estimation of the P300 amplitude, multiple procedures including data segmentation of the -200-800 ms range (0 ms corresponds to the stimulus onset), baseline correction for the -200-0 ms range, artifact removal (using a threshold of AE75 μV), and 1024 Hz downsampling were applied, and the researchers finally visually inspected the preprocessed trials to exclude those still contain residual artifacts.
In specific, similar to previous study (Diez et al., 2017) , we first presented the grand-average ERP from electrode Pz, and for each participant, the P300 amplitude within a time window of 300-600 ms after target presentation was then calculated by averaging the amplitude within a 5 ms time window either side of the largest positive peak. Fig. 1 . The experimental protocol used in our study. The P300 task consisted of three similar runs. In the P300 task, downward-and upward-oriented triangles with a thin cross in the center represented the target and standard stimuli, respectively. Only one stimulus was presented in each P300 trial, either the standard or target stimulus. Each trial consisted of a total of 2000 ms which was broken up into a 250 ms alert of attention, a 500 ms cue of preparation, a 500 ms target or standard stimulus, and a 750 ms break consisting of a black screen. 2.4.3. Functional brain networks In this study, information about the standard stimulus was first regressed out from the time series of the 14 ROIs to minimize its effect on the target network. Thereafter, the time series of the first two runs were concatenated. For each participant, the Pearson's correlation coefficients of the fMRI of the 14 ROIs both at rest and during task trials were calculated, which resulted in a 14 Â 14 adjacency matrix. When constructing the functional brain network, we used the absolute value of the Pearson's correlation coefficients (Liao et al., 2010; Zhang et al., 2011) .
Since task networks were constructed for both the weighted restingstate and P300 task trials, for each participant, the weighted network was binarized into a binary network (Amoruso et al., 2017) . Specifically, by searching for a threshold for each participant, we obtained the corresponding binary bone network. This threshold corresponded to the largest linkage strength (i.e. correlation coefficient) that guaranteed network connectedness. The binary network properties were subsequently calculated using the brain connectivity toolbox (BCT, http: //www.nitrc.org/projects/bct/). Let b ij represent the binary value (i.e. 0 or 1) between nodes i and j in the binary network, d ij the shortest path length, N the total number of network nodes, and Θ the set of all network nodes. Theoretically, in any constructed network, the clustering coefficient (CC) is the aggregation of the node and reflects the capacity for specialized processing of the local region. In contrast, the characteristic path length (CPL) denotes the functional integration of multiple brain regions. Both measurements can effectively evaluate brain efficiency related to specialized information processing (Rubinov and Sporns, 2010) , and a higher CC and a lower CPL are associated with better brain efficiency. To further explore the P300 variability across individuals, these two network properties were calculated, and quantitatively correlated with the P300 amplitudes to uncover any neural support. Here the CC and CPL are formulized as follows:
Reconfiguration efficiency represented by reconfigured network properties
The spontaneous activity at rest (i.e. baseline) determines the degree to which the brain can reconfigure its resources . Our previous single EEG study has found a close relationship between the resting network and the P300 (Li et al., 2015) , and studies employing the oddball task have also illustrated the task active networks corresponding to the P300 (Li et al., 2016a (Li et al., , 2018c Zhang et al., 2014) . Therefore, exploring the brain reconfiguration from a state of rest into the task helps to deepen our knowledge of the P300. In our current study, similar to the previous study exploring brain reconfiguration and general intelligence (Schultz and Cole, 2016) , we then investigated the potential relationship between the P300 and brain reconfiguration, in which the brain reconfiguration was quantitatively defined by subtractions of the properties between task and rest networks.
First, relationships between network properties and P300 amplitudes were investigated statistically, including the relationships between P300 amplitudes and the resting-state/task network properties, as well as the reconfigured properties. Following previous empirical works that excluded outliers which could distort the potential relationship between network metrics and task behaviors (Blankertz et al., 2010; Zhang et al., 2015b) , when exploring the correlations between network metrics and P300 amplitudes, the participants with the 20% largest Malahanobis distances to the data center were regarded as the outliers, and to guarantee the consistency of the excluded participants, four participants were therefore excluded from any further analysis.
Next, to validate the relationship between brain reconfiguration and the P300, potential updating differences in network structures from rest to the task between groups with high and low P300 amplitudes (termed "High P300" and "Low P300", respectively) were further explored. Similar to the protocol used in previous studies (Fishman et al., 2008; Zhang et al., 2015a) , all participants were screened according to their P300 amplitudes. Specifically, the P300 amplitudes would be first sorted from largest to smallest, then, considering the relatively small sample size, the top seven participants were assigned into the High P300 group, while the bottom seven participants were assigned into the Low P300 group. For both groups, we tried to generate the reference data to establish the null hypothesis by using the phase randomization (Wilke et al., 2008) . Specifically, the time series of 14 ROIs at both rest and P300 task was first transformed to the frequency domain by Fast Fourier Transform (FFT), and the phases were randomly and independently shuffled for each time series. Then, the inverse FFT was applied to generate the reference signals for rest and task, respectively. The network analysis was applied to the reference signals to construct the corresponding reference resting-state and task networks, and the reconfigured network linkages for each edge would be then calculated by the subtraction of edge linkages between the two types of networks, which results in a reconfigured network for this run of phase randomization. The similar procedure would be repeated for 1000 times in the high and low groups, resulting in 1000 reconfigured network patterns (i.e. 1000 reconfigured adjacent matrices) for each subject. Finally, the 1000 reconfigured adjacent matrices were averaged to acquire the empirical distribution of reconfigured network accounting for the random time series for each subject. Based on this empirical distribution, the actual reconfigured network derived from the original time series was compared to the established null distribution to investigate whether the reconfigured strength of network edge was statistically increased or decreased (p < 0.01) for the High and Low P300 groups, respectively.
Results
P300 ERPs
The grand-averaged P300 ERP was calculated across all participants from scalp electrode Pz ( Fig. 2A) . A clear P300 evoked by the target stimulus in the oddball task could be clearly identified between 300 and 600 ms. The corresponding P300 ERPs for the High and Low P300 groups are displayed in Fig. 2B and C, respectively.
Regions of interest
To identify specific ROIs, we first evaluated the brain activity elicited by the oddball task. Fig. 3 shows brain activation during the oddball task. The contrast of the oddball task (task > 0) generated a set of clusters with local maximum peaks, including bilateral MFG, bilateral inferior frontal gyrus (IFG), bilateral precentral sulcus (PrCS), bilateral superior temporal gyrus (STG), bilateral insula, bilateral thalamus, and bilateral inferior occipital gyrus (IOG). The Talairach coordinates of the 14 ROIs are listed in Table 1 .
Relationship between brain networks and P300 amplitudes
We first investigated the potential relationships between the CC and CPL of the resting/task networks and P300 amplitudes (Fig. 4) . Similar to the findings of our previous resting EEG study (Li et al., 2015) , P300 amplitude showed marginally significant correlations with the CC (positive, r ¼ 0.402, p ¼ 0.138) and CPL (negative, r ¼ À0.462, p ¼ 0.083) of the resting network (Fig. 4A) . However, the opposite relationships between task network properties and P300 amplitudes were found (Fig. 4B) ; and in specific, the relationship between the CC of the task network and the P300 was significantly negative (r ¼ À0.592, p ¼ 0.020) whereas the relationship between the CPL and P300 amplitude was positive (r ¼ 0.569, p ¼ 0.027).
Thereafter, the potential relationships between the reconfigured and resting/task network properties were also unveiled, which showed that the reconfigured properties were positively related to the task network properties (CC: r ¼ 0.751, p ¼ 0.001; CPL: r ¼ 0.868, p ¼ 0.000), but negatively related to the resting network properties (CC: r ¼ À0.757, p ¼ 0.001; CPL: r ¼ À0.737, p ¼ 0.002).
The reconfigured properties were finally correlated with P300 amplitudes (Fig. 5) , and we found the reconfigured CC showed a significant negative relationship with P300 amplitude (r ¼ À0.659, p ¼ 0.008), whereas the reconfigured CPL showed a significant positive relationship with P300 amplitude (r ¼ 0.644, p ¼ 0.010) (Fig. 5) .
Differences in reconfigured network patterns between high and low P300 groups
The potential differences in reconfigured properties between the High and Low P300 groups were first investigated, where the reconfigured CC and CPL for the Low group were 0.10 AE 0.20 and À0.42 AE 0.57, but À0.07 AE 0.21 and 0.34 AE 0.75 for the High group, respectively. Thereafter, to further probe whether the reconfiguration actually plays an important role in the P300 generation, the differences in the reconfigured network patterns between the two groups were investigated. Specifically investigating Fig. 6 , we found task networks of the participants in the High P300 group experienced decreasing connectivity, compared to the resting networks. In contrast, participants with small P300 amplitudes showed the increasing connectivity when the brain switched from rest to the task.
Discussion
When engaging in certain tasks, energy consumption in the brain is not much greater than at rest (Fox and Raichle, 2007) . Natural updates in brain network architecture from resting to the task play a crucial role in related information processing (Schultz and Cole, 2016; Zhang et al., 2019) , which can be indexed by the reconfigured brain resources and measured by the updated metrics. In this study, we hypothesized that at rest, the well-organized brain contributes to brain reconfigurations in network architecture in response to the oddball task. To achieve the identical conditions between network and P300 metrics, and to explore the P300 temporally and spatially, we recorded simultaneous EEG-fMRI and identified 14 task-active ROIs based on fMRI datasets recorded during the task. Then, relying on the constructed resting and task networks, we investigated the potential relationship between brain reconfiguration in terms of network architecture and P300 amplitude.
P300 and its cerebral generators
The P300 generator network primarily includes multiple regions localized in the frontal and parietal lobes (Bledowski et al., 2004; Volpe et al., 2007; Yamazaki et al., 2000 Yamazaki et al., , 2001 . Specifically, brain regions including the inferior parietal lobe and the posterior parietal cortex are usually investigated in fMRI (Bledowski et al., 2004; Kiehl et al., 2001) and lesion studies (Daffner et al., 2003) . Consistent with previous studies, our present study first showed a clear P300 evoked by the target stimulus P300 group (B) , and the Low P300 group (C). Solid green and red lines denote the mean ERP of the standard and target stimuli across all participants, respectively, and light green and pink shadows denote the standard deviation of the ERP for the standard and target stimuli across all participants, respectively. Fig. 3 . The activated areas in the oddball task in the group analysis (p < 0.05, FWE corrected, t-value > 6.16). Fig. 4 . The relationships of P300 amplitudes and resting (A) and task network properties (B). In each sub-figure, black filled circles denote participants, grey filled circles denote excluded participants, and the blue solid line is the fitted curve between the two respective variables. (Fig. 2) , and then captured 14 task active ROIs (Fig. 3) including the bilateral IOG, the bilateral MFG, the bilateral IFG, the bilateral PrCS, the bilateral insula, the bilateral STG, and the bilateral thalamus.
In this study, participants were instructed to only press the button if they noticed the presence of the target stimulus, at which point they would press it as quickly and correctly as possible. Occipital activation is thought to relate to the processing of visual stimulus and is responsible for the detection of the target stimulus during the visual oddball task (Kiehl et al., 2001; Stevens et al., 2000) . Therefore, when the target stimulus is perceived, information about it is primarily integrated into the IOG.
Multiple frontal regions, such as the PrCS, participate in a variety of cognitive tasks depending on the effort required and task difficulty (Paus et al., 1998) . Frontal activations in the current task may reflect a general role (e.g. monitoring) in response preparation (Carter et al., 1998 ). An alternative explanation of the insula is that it may reflect the "mental tracking" of the target event in the brain, which is thought to relate to the active maintenance of the target template in working memory (Jiang et al., 2000) . As found by Li and colleagues, the insula and bilateral middle frontal dipoles are strongly activated in the early phase (Li et al., 2009) . The bilateral MFG and insula activation observed in this study might, therefore, be engaged early in the P300 process (i.e. command coding and decision processing).
The thalamus is a relay center and is responsible for both sensory and motor mechanisms (Herrero et al., 2002) , as well as attention and other neurocognitive processes such as memory (Büchel et al., 1998; Johnson and Ojemann, 2000) . Activation of the thalamus has been found in previous studies where brain responses to both target and distractor stimuli were assessed in a three-stimulus task (Clark et al., 2000; Kiehl et al., 2001) . Since various thalamic nuclei have reciprocal connections to diverse cortical areas, it is conceivable that in the present study, the thalamus is engaged in perceiving, attending to, evaluating, and responding to the target stimulus (Yuan et al., 2016) . Finally, in the late phase of the P300 generation (Li et al., 2009) , bilateral STG was found to be activated, which might be responsible for responses to the targets.
Relationships between network efficiency and inter-subject P300 variability
Before unveiling the potential relationships between network metrics and inter-subject P300 variability, we first explored participants' task responses to the target stimuli, and found that most of the participants achieved an accuracy exceeding 95%, only four participants behaved with an accuracy between 83% and 90%, which implied that these participants did perform above chance, and the inter-subject variability of the P300 observed across participants was not attributed to the inaccurate task responses.
Our previous study using single EEG found that brain activity at rest is closely related to the P300, and a higher brain efficiency at rest corresponds to a larger P300 amplitude (Li et al., 2015) . Herein, our Fig. 5 . The relationships between reconfigured properties and P300 amplitudes. In each sub-figure, black filled circles denote the participants, grey filled circles denote excluded participants, and the blue solid line is the fitted curve between the two respective variables. Fig. 6 . The updates in network architecture from resting to the oddball task for both High (A) and Low (B) P300 groups. Red and blue solid lines represent increased and decreased linkages from rest to the P300 task, respectively. MFG -middle frontal gyrus, STG -superior temporal gyrus, IFG -inferior frontal gyrus, PrCSprecentral sulcus, IOG -inferior occipital gyrus, and Thala -thalamus. simultaneous event-related EEG-fMRI also showed a similar tendency between the two measures, even though it only showed low correlation. The larger CC and shorter CPL in Fig. 4A index higher resting network efficiency, which is attributed to the optimized preconfigured resources, and illustrate the potential of the brain to efficiently process task information (Zhang et al., 2015b (Zhang et al., , 2016 . Interestingly, we found the opposite relationship between task network properties and P300 amplitude (Fig. 4B) , whereby the CC of the task network shows a negative relationship with the P300 amplitude, whilst the CPL shows a positive relationship. Herein, exploring the task network can only prove the relationship between the single-task activity and concurrent P300, but cannot provide the information to index how the brain is reconfigured (i.e. decreased or increased network patterns), when the brain at rest is regarded as the baseline. Considering that participants with varied P300 amplitudes might experience different reconfiguration patterns, investigating the reconfiguration variability, therefore, helps to deepen our knowledge of the inter-subject variability of the P300. Before exploring the potential relationship between brain reconfiguration and P300 amplitude, we primarily unveiled the relationships between the reconfigured properties and resting/task network properties, and found the reconfigured properties were positively related to the task network properties (p < 0.005), but negatively related to the resting network properties (p < 0.005).
Moreover, when comparing the reconfigured CC and CPL between the High and Low P300 groups, we could clearly see that the Low P300 group shows the positive CC and negative CPL, while the High P300 group shows the opposite (Fig. 5) , which may indicate that the two groups did exhibit different reconfigured network patterns when the brain switched from rest to the task. To identify how the brain was reconfigured, the reconfigured network patterns (i.e. decreased or increased functional connectivity) were investigated for the two groups (Fig. 6) , and we found when switching from rest to the P300 task, participants with large amplitudes experienced decreasing connectivity but the Low P300 group showed increasing connections between multiple ROIs. In fact, participants with large amplitudes have efficient intrinsic brain network architectures that are well-tuned to engage in a variety of cognitive tasks. When responding to the targets in the oddball task, they do not need occupy the additional resource to fulfill the task, and the pruning of functional connectivity occurred (Fig. 6A) where such connections as lMFG-rLOG, rMFG-rInsula, lSTG-lIOG, and rLFG-rInsula were reconfigured and decreased. In contrast, for low amplitude participants, the inefficient brain network could not guarantee they processed the target information in an efficient manner (Li et al., 2015) , therefore, to alert to, monitor, and code the target information, connections among thalamus, IOG, and MFG, etc had to be enhanced (Fig. 6B) to involve more resources for information processing, which might account for the correlations between reconfigured properties and P300 amplitudes shown in Fig. 5 .
Just as depicted above, brain reconfiguration significantly related to the concurrent P300 amplitudes, and exploring brain reconfiguration for the High and Low P300 groups did unveil the reconfiguration differences between two groups. Essentially, the large P300 amplitude facilitates the BCI control accuracy, exploring the reconfiguration variability thereby has the great potential for predicting the personalized BCI control.
Limitations
One limitation of this study is the relatively small participant size, which is significant when investigating the network updates for both groups since it leads to reductions of statistical power, with consequences such as the marginal relationship between the resting network and the P300. In the future, more participants will be recruited to validate the findings. Single-trial responses were not considered in this study. With methods that improve the signal-to-noise ratio of the concurrent EEG (Mantini et al., 2007; Marino et al., 2018; Ostwald et al., 2011; Porcaro et al., 2010) , we can explore the relationship between single-trial responses (e.g. P300 amplitude, latency, and reaction time) and the functional network provided by simultaneous EEG-fMRI. We could also precisely localize the source activity, which might provide us with more knowledge of the P300 and its variability across individuals. Given BCI usually requires some sort of training, in the future, new experiments will be designed to test to which extent the training facilitates the brain reconfiguration, especially for the Low P300 users.
Conclusions
Inter-subject variability in both resting and task situations effectively drives individual behaviors during tasks. Our current simultaneous event-related EEG-fMRI study consistently found that better task behaviors (i.e. larger P300 amplitudes) corresponded to well-organized resting brain architectures that have been efficiently preconfigured in advance. Meanwhile, the brain reconfiguration from resting-to task-state was also clarified to correlate with the P300 evoked in the oddball task, and to guarantee their task behaviors, participants with small amplitudes had to reconfigure the task network by enhancing related functional connectivity.
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